In engineering structures, the safety problems are always depending on the respond of structures to different types of load. The safety assessment of a high rise building is highly depending on the analysis of environmental load. Many codes and practices have proposed many requirements for engineers in the design works. These include safety factors, limitations on damage, maximum deflections and so on. When violations in these requirements occur, the structure is believed to be dangerous. But once the problem becomes complicated such as multiple unknown loads in one building, it requires reliability analysis in the design. It must take care of all the assumptions and uncertainties in the structural design. In probabilistic assessment, any input variable is considered as an uncertainty. However, the traditional way to deal with these problems may have problems when uncertainties are large. Many probabilistic safety measures need to be reconsidered in engineering work. This paper, we will provide reliability analysis on a high rise building with consideration of wind load. All the most commonly applied reliability methods are been utilized in this analysis and compared base on the performance. The statistical influences including correlation and distribution type are also discussed in the same reliability problem .
Introduction
Wind loading problem is often met in engineering design works especially in the high rise building design. It is a very common natural phenomenon in our real life and is related to quite a lot of loadings to the building structures. In some particular areas such as coastline buildings, it may even suffer hazardous wind load such as hurricanes. This may even create more uncertainty problems in our engineering analysis process.
Many former works have been done on the development of wind related civil engineering research works. Zhang et al. [15] had utilized the concept of copula to model the joint distribution of wind speed and wave height. This concept is then utilized in the structural safety assessment of high rise building and offshore engineering [16] [17] [18] [19] [20] [21] . Yan et al. [22] have adopted a stochastic term to characterize the randomness of erosion coefficient when modeling the wind load. This concept was then applied to analyze the stability of buildings when it suffers snow load. Followed the same idea, Cui et al. [27] conducted several experiment studies to investigate the uncertainties regarding the modeling of wind load. For more practical problems in wind related structural analysis, see [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] . However, not many works are done on the reliability analysis of high rise building with consideration of wind load [28] . The former works are either only focusing on the reliability methods or emphasizing the practical design code development [29, 30] . There is a need of full analysis on the existing techniques which are able to perform the structural reliability analysis for high rise building considering wind load. Thus, the significance of the present study is emphasized.
Research Methodology
There are many existing reliability methods in the literature [23] [24] [25] [26] . In this paper, the performance of all these fundamental methods are assessed for the problem. This would first start with a crude Monte Carlo simulation study. In performing the Monte Carlo simulation, both Importance Sampling and First Order Reliability Method are tested. The results are compared with integration method. After analyzing the problem using reliability method, the statistical influences including correlation effect and distribution type effect are compared. The results are investigated in view of accuracy. The detailed overview of these methods are illustrated in Figure 1 . 
Problem Specification
Wind loading problem is very important in the high rise building design. It is a very common natural phenomenon in our real life. In practice, wind loading pressure is always assumed to 'obey' the concept of 'kinetic pressure' q, given
, where the actual pressure onto the building is related to the air density and the time-dependent wind velocity V. The wind force on a simple structure face can thus be written as = 2 , in which, A is the loaded area and D C is the drag coefficient. Catalogue of such coefficients can be found in various design guides and codes [1] . For good application in engineering design works, the basic force formula can be further linearized:
Where ̅ is the mean wind velocity, u is the temporary wind speed acceleration. For more convenient use, we may use the effective loading ̅ = 1/2 ̅ 2 to represent the effect of a real one.
To solve these wind loading problems, many codes and standards have been published. The British, American and European have been highlighted with relevant specifications [2] . Two very famous codes currently used are CP3 and BS6399. Both of these two codes give us the equations to estimate the design wind speed. CP3 has given an equation that the wind speed can be estimated while taking the considerations of topographical, statistical and ground roughness factors [3] . BS6399 has taken the considerations of altitude, direction, seasonal and probability factors [4] . Obviously, we can see that the wind speed is related to quite a lot of uncertainties. In this paper, we are going to do a reliability analysis based on code BS6399 and a simple building prototype in the following:
Determine the deflection of a simple one storey block in building with plan dimension 20 × 20 , see Figure 2 . The openings of the building are closed. It is erected in a city at an altitude 100m and is 50km from the coast.
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By applying this load to the building, the deflection can be calculated as:
Where L is the length of the structure, H is the height of the structure, E is the modulus, I is the moment of inertia. And this is subject to the deflection limit 0.0025 H  Thus, we can write the performance function as:
Where is the effective wind speed, B is the width of the structure. Some of the coefficients are given in a non-variant value:
The altitude factor: 1 0.001 1 0.001 100 1.1
Drag coefficient:
The basic wind load:
Probability factor:
The other factors, such as seasonal and directional factors can be affected by different climate conditions. Thus, assumptions of normal distributions of the following variables have been made, see Table 1 . For solving this problem, we are going to use importance sampling method, gradient projection method, first order second moment method and Monte Carlo simulation in the analysis. Meanwhile, we are going to test the efficiency and accuracy of each method, and also we are looking deep into the effect of distribution type and correlation of the variables to the final result. 
Analysis and Discussion
Monte Carlo Simulation
In order to see how accuracy each method is, we used the Monte Carlo simulation first to estimate the failure probability. By using 100000 numbers for each uncertain parameter in Minitab, we have obtained a normal-like distribution result for the performance function. The figures are shown as following, see Figure 3 .
Figure 3. Summary of the Monte Carlo simulation
Since the performance function is a combination of four normal distribution variables, the shape of G function is quite like a normal one. The mainly difference is the skewness of G function. And this may be caused by one variable in the denominator. From the output data, we have got a result of 3.43% failure probability. This result is the most reliable one, since it reflects the real function's pattern in our analysis. But the effort is too much, it needs 100000 calculations, and this calculation may be increased when more variables are present.
Meanwhile, we can do an estimation of the performance equation based on simple calculations: By using the Taylor's equation:
And since there is no correlation between each variable, we can get our value based on the non-covariance case:
Thus, we could simply obtain the  value by
, and the failure probability can be further calculated based on assumed normal distribution: 
First Order Reliability Method
In the first order reliability analysis, we often used gradient projection method to locate the critical value u  in the multi-dimensional space. Generally speaking, the method can help us to find the shortest vector which is perpendicular to the limit state function surface. The step improvement is based on each step's gradient in the limit state function. And this method can be used in different distributions by transferring the distribution type to an ordinary normal distribution. Here, in our analysis, we used the Excel to do a iterate operation to find the critical value, so the algorithm is not considered in this project.
By using a constraint of 0.01 to minimize G and 0.99 to approximate UG , we have got a result of 37.07 for the T UU. The failure probability based on this  is From the result we can see, the FORM can only give us a very fast but rough result. It deviates quite a lot with the actual value in our analysis, since we have a curve performance function. But the good thing is: it can give us the critical vector in the space. This can helps us with the understanding of how much the critical value deviate with the mean value point. And it can be used in a further sampling like the importance sampling method for a further improvement.
Importance Sampling
Importance sampling is often used in the sampling steps while the original probability function can hardly detect the failure value point especially in the multidimensional space. Generally, the original probability function   fxis very small in the failure domain, and now we can use another probability density function to 'amplify' the effect of some particular area's points. Or in the other words, we can say that the original value is very small and now we use two bigger values multiplied together to calculate this small value. So the choosing of this new probability density function needs to be careful, otherwise, the function may get a very different result, see 
As a testing first, a joint probability density function is used in the analysis. Initially, we used a very small value to see how the importance sampling changes the final value. The 1 2 3 4 , , , u u u u     is first assigned to 0.01,0.01,0.01,0.01 , and the result is very close to the result we get from the Monte Carlo simulation. Then we have used two vectors 0.012, 0.016, 0.12,0.011  and 0.06, 0.08, 0.6,0.055
to calculate the failure probability, see Table 2 . Actually, the proposed function should not affect the output result, but here we have got a larger value. And if we change the value of 1 2 3 4 , , , u u u u     to larger ones, which means the probability density function g changed to a far point relative to the original point, the result may show a very unreasonable value. This is due to the amplification of some failure points by g function. Normally speaking, if we have enough sample size, we may not see this problem. But if we only have a small sample size, like here we only have 5000, the result can be easily changed to an unusual value since one failure point in the calculation of / fg can lead to a very large value for the calculation in the failure probability. Actually, before our simulations by using the importance sampling, the value we obtained is already very close to the actual value. It means the failure points are already important in our simulations. There is no need to consider a further importance sampling. Instead, the importance sampling has proposed a biased distribution which 'encouraged' the important values in some specific area. And this creates some error estimating in our sampling. We have tested the importance sampling by centering the probability density function in an opposite direction with the desired vector. And the value drops to a lower value 0.021 which may be dangerous for estimating the limit state.
Numerical Integration
The most accurate and tedious way to solve a reliability problem is doing the numerical integration for the exact value of the equation. As in this project, the formula is not so sophisticated, we could use a numerical calculation to get the failure probability.
In the numerical integrations, we have used the trapezoidal method, which takes the area of each trapezoidal segment in the division of the probability equation. Because the numerical calculation is a very complicated process, we have used fewer steps to obtain the result. We have given each variable with an interval which can help the computer not to calculate all the values along the whole domain. Then, we could do the integrations along the probability function while the performance function is less than zero. In order to make the calculation more accurate, we tried to make the interval more in the centre and give a finer division to the domain, see Table 3 . The output result for failure probability is 0.0211, which is very close to the result from Monte Carlo simulation. The difference between these two values may come out from the numerical errors, like the domain is restricted in a smaller one, the breadth of each trapezoid is not small enough, or the round off error may occur in the calculation. A further calculation based on a wider interval has shown a result of 0.0307, which reduces much error. Anyway, the numerical integration gives us a more reasonable and accurate result. But the effort in the calculations is quite a lot. It may not be used in multiple dimensional reliability analysis. Actually, in this analysis, it already requires 8 10 calculations of the performance function. This is really not an efficient way to estimate the final result.
Correlation
Correlation problems can happen very frequently in our engineering problem. It can arise from the dependence between loads or more frequently some assumptions in the factors. Here we can see the wind load direction can always be related to the seasons. Which in a way, it has a correlation effect between these two factors. Thus, we are going to see how the correlation changed the final result in this session.
We assumed some positive correlation coefficients between the factors 2 s S and 2 d S . Then the C matrix can be used to generate the joint probability and thus the final result can be got from Monte Carlo simulation and numerical calculations, see Figure 6 . From the compared results from Monte Carlo simulation and numerical integration we can see that the failure probability increases as the correlation becomes severe. The difference between the Monte Carlo simulation and numerical calculation may come from the errors made in the integration calculations. But both method shows good pattern in the increment of failure probability in the way with the increase of correlation coefficient. Besides this correlation, there may be some other correlations, like the negative correlation effect. All of that may create quite different answer. Fortunately, we are only considering the positive correlation effect between these two factors. And it is shown that once this correlation exists, the reliability may be reduced drastically.
Distribution Type
Besides the correlation effect, we may also meet some different kind of distributions in our analysis. In the FORM analysis, we have changed it to a normal distribution by a transformation. And it will change some formulas in the numerical analysis. The random number generation is changed in the Monte Carlo Simulation for every variable. Nevertheless, the changing is not difficult to manipulate. But the result may deviate quite a lot. This warns us that if there are some wrong assumptions for variables' distributions, it may lead to a final failure in our design. Here we used a lognormal distribution to check how the final result changes with respect to the changing of distribution type, see Table  4 . The result from a Matlab programming shows a lower value 0.016 for the failure probability. Even by using a Monte Carlo simulation, this result is still lower than the original normal distribution result. A rough understanding of this result is that the shape of a lognormal distribution may 'concentrate' more at the lower value and thus may results a smaller loading case. But lognormal distribution may be more realistic here, since the value of the factors cannot go to 
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Numerical Result Monte Carlo Simulation negative value. And if we change the distribution to other type, the result will become different again. The distribution of each variable is an assumption, and the calculation of reliability index in highly depending on this, we should be aware of that.
Conclusion
In this paper, we used a simple wind load problem to investigate and compare the performance of reliability methods. We have compared some common methods by doing the same analysis for this problem. And we also take a further deep view to see how the result can change with the changes of correlation and distribution properties. Some of the key findings are addressed herein:
 In simple reliability problems, Monte Carlo simulation is more suitable as it can give reasonable and accurate result with small statistical uncertainty.
 FORM is not so efficient in a highly nonlinear problem, but it is useful to give a result of the critical vector in a multiple dimensional problem.
 Importance sampling is efficient to estimate small failure probability. But the choosing of the g function may results in large uncertainties, especially if we do not know the critical vector in the multiple spaces.
 Numerical method is an accurate method that can be compare to Monte Carlo simulation. However, the calculation needs quite a lot of efforts. It is not suitable for complicated problems since it requires too much calculation and the numerical error may tend to increase.
 A high positive correlation between the factor Ss and Sd can make the performance function to fail more easily.
 Lognormal distribution assumption can lead the failure probability to a lower value. The assumptions of distribution types for each variable should be taken care of.
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